+ 2394 - doi 10.12122/j.issn.1673-4254.2025.11.12 J South Med Univ, 2025, 45(11): 2394-2404

BETIEB N SHINASHRRBLERAZY-ELIMEEER
FAERE

MR SRkl 2 RBEA) ' R4 BR !, A &R
"ARMBE IR RFERAFR,TE M 450001 A HRFITAREMEBHRERELETRE,LHh &%
211189 Mz & F e wTH 55 TR FR, Md KV 410151;' = RFEEFR, =8 L9 650500

?r%i;c BB Aok 28-S0 bR AR AR R 00 S A e 04 B RSO 3 AR A B B B 8 I BT SRR 2 ST 4
), AR — T 2 R0 LS NI A A SR E O k. Ak A A 2 R AR R e A 2 2 SE R S A
Hfﬁ FIFH B AR ARBURLERAE R R o 3 38 R TTHAR I R, [ Sz iiE U AR ALA 5 5 m i U5 B L% 4
A 22 3R BTE SCR AP ARYE BN SUE B A BhaE ) B8 SO AR RO EE B, e R AR LM B A 22 AL RS S B A
B 5 ALEHIERI 17 S B R RS AEAE R R, A M TUA R B B i ), fe&Gmad R ETN 251 5
EMTZIETJE%EEYEJ:H%%O GER ASIHRITIETEA TGRS L Bl TAERAE M 2 T AL (AUC) ARG 3 R 3 i 48 T T
TH(AUPRC) 735l L BRA 25805 BLAE FH B0 7 2% TP RBAR = 1 3.4% F12.4%.3.0% F13.8%. 51t AT THIZY-HEFR
AHCEL AR R TR 532 ] A 5B S ot A 0y I 266 v A2 2% 6 v 0 SR M B, 4R T 24 - M0 AR B R T 4 s e A e e
AL N 2R RS VE e BN R 2 AR U T6 T 7 B HE R R S B it
KGR - 254 - RN AR R 5 SRR 4% 11 HLH s 23k R AL s G AU 4

A heterogeneous graph method integrating multi-layer semantics and topological

information for improving drug-target interaction prediction
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Abstract: Objective To develop a heterogeneous graph prediction method based on the fusion of multi-layer semantics and
topological information for addressing the challenges in drug-target interaction prediction, including insufficient modeling of
high-order semantic dependencies, lack of adaptive fusion of semantic paths, and over-smoothing of node features. Methods
A heterogeneous graph network with multiple types of entities such as drugs, proteins, side effects, and diseases was
constructed, and graph embedding techniques were used to obtain low-dimensional feature representations. An adaptive
metapath search module was introduced to automatically discover semantic path combinations for guiding the propagation of
high-order semantic information. A semantic aggregation mechanism integrating multi-head attention was designed to
automatically learn the importance of each semantic path based on contextual information and achieve differentiated
aggregation and dynamic fusion among paths. A structure-aware gated graph convolutional module was then incorporated to
regulate the feature propagation intensity for suppressing redundant information and redcuing over-smoothing. Finally, the
potential interactions between drugs and targets were predicted through an inner product operation. Results Compared with
existing drug-target interaction prediction methods, the proposed method achieved an average improvement of 3.4% and
2.4%, 3.0% and 3.8% in terms of the area under the receiver operating characteristic curve (AUC) and the area under the
precision-recall curve (AUPRC) on public datasets, respectively. Conclusion The drug-target interaction prediction method
developed in this study can effectively extract complex high-order semantic and topological information from heterogeneous
biological networks, thereby improving the accuracy and stability of drug-target interaction prediction. This method provides
technical support and theoretical foundation for precise drug target discovery and targeted treatment of complex diseases.
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Tab.1 Information of the nodes and edges in the Luo dataset

Node type Num Edge type Num
Drug 708 Drug-drug (interaction) 10 036
Protein 1512 Drug-drug (interaction) 501 264
Disease 5603 Drug-protein 1923
Side effect 4192 Drug-disease 199 214
Drug-side effect 80 164
Protein-disease 1596 745
Protein-protein (interaction) 7363
Protein-protein (similarity) 2286 144
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Tab.2 Information of the nodes and edges in the Zheng dataset

Node type Num Edge type Num
Drug 1094 Drug-drug 1196 836
Protein 1556 Drug-drug 11 819
Chemical structure 881  Drug-chemical substructure 133 880
Side effect 4063 Drug-side effect 122792
Substituent 738 Drug-side effect 20 798
GO term 4098 Protein-GO term 35980
Protein-protein 2421136
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&3 FELuoMiRE E5ELTTARXTLLER
Tab.3 Comparison results with baseline methods on the
Luo dataset

Luo dataset

Methods
AUC AUPRC

DTINet 0.879+0.004 0.906+0.003
NeoDTI 0.955+0.003 0.889+0.004
GCN-DTI 0.918+0.005 0.897+0.005
IMCHGAN 0.956+0.004 0.959+0.003
HampDTI 0.928+0.003 0.927+0.005
SGCL-DTI 0.977+0.002 0.976+0.002
GSRF-DTI 0.977+0.002 0.980+0.003
EEG-DTI 0.954+0.003 0.964+0.004
MIDTI 0.978+0.003 0.970+0.002
CE-DTI 0.976+0.002 0.976+0.002
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Tab. 4 Comparison results with baseline methods on the

Zheng dataset
Zheng dataset
Methods
AUC AUPRC
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IMCHGAN 0.946+0.002 0.929+0.003
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CE-DTI 0.972+0.003 0.972+0.002
MIDTI 0.954+0.002 0.949+0.004
AMGDTI 0.973+0.004 0.971+0.002
GMADTI 0.987+0.002 0.983+0.001
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Fig.2 Comparison of GMADTI model and its variants on the Luo dataset.
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Fig.3 Comparison of GMADTI model and its variants on the Zheng dataset.
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Fig.7 t-SNE visualization of drug and target node embeddings.
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Fig.8 Attention weight heatmap for different samples on the drug side.
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Fig.9 Attention weight heatmap for different samples on the target side.
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